The article presents the possibility of neural networks application to design and simulate the growth kinetics of class 1 nitrided layers in steel 32CDV13 and 42CrMo4 (40HM), using data obtained from analytical models. The study analyses unidirectional multilayer neural networks with one hidden layer, with approximation properties. The algorithm developed takes into account the average thickness of the layer of iron nitride. This parameter is most frequently used for the classification of nitrided layers, especially for anticorrosion layers. As a result of research and discussion stated: the neural networks with approximating properties used allowed to build models, well-fitted to the data obtained using analytical models, taught structures of neural networks can be used in systems estimating the results of the nitriding process. The duration of the first stage of the process and the value of the potential in the second degree determine the thickness of the iron nitride layer obtained after the nitriding process. The value of the potential in the second stage also determines the intensity of limiting the thickness of the iron nitride layer. Nitriding decreases the impact strength of steel regardless of the thickness of the subsurface iron nitride layer. The iron nitride layer on the steel increases its resistance to frictional wear. Its resistance to friction wear increases with the increase of the thickness of this layer.
INTRODUCTION
Gas nitriding is a thermochemical processing implemented at the temperature range 400÷580°C. At a constant temperature, depending on the value of the nitriding potential, the subsurface iron nitride layer formed may consist of only the γʹ-Fe 4 N phase or a mixture of phases γʹ-Fe 4 N and ε-Fe 2-3 N. A diffusion zone is formed under the iron nitride layer, in which nitrogen is dissolved interstitially in a ferritic matrix and carbonitrides of iron and alloying elements occur. The thickness and phase composition of the layers of iron nitrides are decisive on the resistance to corrosion and the abrasive wear of steel after nitriding. The diffusion zone, in the case of alloy steels, increases the fatigue strength of steel. [1] .
Generally, there are three types of nitrided layers [2] : -class 0 -nitrided layers without a subsurface iron nitride layer, which is a solution of nitrogen in iron α-Fe α (N), -class 1 -nitrided layers with a subsurface layer of iron nitrides with a thickness of up to 13 μm, composed of a solution layer α-Fe α (N) and a nitride layer Fe 4 N (phase γʹ) or (ε + γʹ), -class 2 -nitrided layers with a subsurface layer of iron nitrides with a thickness of 25 μm, composed of a solution layer α-Fe α (N) and a nitride layer F 4 N (phase γʹ) and a nitride layer Fe 2-3 N (phase ε).
Obtaining these types of layers requires the application of appropriate process parameters, i.e. selecting the appropriate values of the nitriding potential (Np) for the process temperature set. Mutual relations of the nitriding potential and temperature result from the Lehrer system [3] and for carbon steel and low-alloy steel are as follows:
Increase of the solution layer α, without nitrides γʹ i ε, takes place with nitriding potential Np < Np α/γʹ where Np α/γʹ means the potential corresponding to the boundaries of the phase stability areas α/γʹ according to the Lehrer system T-Np.
Increase of γʹ layer takes place when the nitriding potential Np assumes the values within the phase stability area γʹ (Np α/γʹ < Np < Np γʹ/ε ), Np γʹ/ε means potential corresponding to the boundaries of the phase stability area γʹ/ε according to the Lehrer system T-Np.
Increase of layer ε occurs when the nitriding potential Np assumes the values within the phase stability area ε (Np > Np γʹ/ε ) according to the Lehrer system T-Np.
Growth models of single-and two-phase γʹ and α + γʹ layers, in the ferrite have been described in detail in many papers. In [4] the authors have demonstrated the ability to control the gas nitriding process by simulating the kinetics of growth of nitride layers. Belmonte et al. [5] proposed a numerical model to describe nitrogen diffusion in pure iron, taking into account the concentration gradient of nitrogen in iron. Keddam et al. [6] , using a mathematical model of diffusion according to Somers and Mittemeijer [7] for the kinetics of growth of nitride layers on pure iron, proposed growth models for iron nitride layers on iron, indicating the leading role of the nitriding potential of the nitriding atmosphere on the kinetics and phase composition of the iron nitride layers. In [8] , the authors used a diffusion model based on Fick's first law to develop models of growth kinetics of the thickness of phases γʹ and ε in the process of nitriding pure iron, and in [9] they proposed a simplified diffusion model to predict the thickness of the layer of iron nitrides and the profile of nitrogen concentration in pure iron. The works [10, 11] describe the use of analytical models in the design and simulation of nitriding processes on structural alloy steels. Modelling nitriding processes using neural networks and fuzzy logic are described in Refs. [12÷14].
The article presents the possibility of using neural networks to design and simulate the growth kinetics of class 1 nitrided layers in steel 32CDV13 and 42CrMo4 (40HM), using data obtained from analytical models. Class 1 layers with a thickness of iron nitride up to 13 µm may be applied to medium-load machine parts exposed to abrasive wear and corrosion [15] .
TEST METHODS
The study analyses unidirectional multilayer neural networks with one hidden layer, with approximation properties. They make it possible to create multidimensional mathematical models well adapted to input data. Tested network consisted of an input layer with the number of neurons equal to the number of independent data: temperature, time, and nitriding potential of the 1 st and 2 nd stage of the nitriding process. The hidden layer contained from 3 to 6 neurons and the number of neurons in the output layer was equal to the number of dependent variables. The algorithm developed takes into account the average thickness of the layer of iron nitride. This parameter is most frequently used for the classification of nitrided layers, especially for anticorrosion layers. General scheme of the neural network used in the study is shown in Figure 1 .
Neurons in the hidden layer were assigned non-linear logistic activation functions:
. const (1) The values of the activation function for each neuron in the output layer was calculated as the sum of the values of individual signals generated by neurons in accordance with the relationship:
The learning algorithm used an algorithm calculating the sum of the square errors between the value of the network output signal and the thickness of the iron nitride layer formed for individual cases:
Learning algorithm neural network execute the modification of weights value for individual neurons include the previous value of the weights, learning coefficient α, and the value of the sum of the square error in accordance with the relationship:
For the taught neural networks, the coefficient of determination R 2 was calculated between the learning data and the response of the network for given input data. Table 1 summarises the parameters of the basic two-stage processes used in analytical models and neural networks.
In the verification of neural models, nitriding processes of steel 40HM and 32CDV13 were conducted. Steel samples were toughened, and then nitrided in an industrial furnace Nx609, manufactured by Nitrex, with working space dimensions Ø600×900 mm with a computer-controlled process. Table 2 shows the process parameters.
After nitriding, the samples were subjected to standard tests. Impact strength and frictional wear tests were also carried out. Impact strength tests were performed using the Charpy method using a jackhammer with initial pendulum energy of 150 J [16] .Tests of resistance to frictional wear were carried out using a tribometer I-47-K-54 with three rollers and a cone, tests were performed with a constant lubrication of the samples using Lux 10 oil. Countersample cone was made of toughened steel C45. During the test, specific pressure of 100 MPa was applied [17] . Table 3 summarises the results of neural network learning process with different numbers of neurons in the hidden layer (3÷6). As we can see, the highest coefficients of determination were obtained by neural networks with 6 neurons in the hidden layer. Figure 2a , b shows the wave forms of the taught neural network illustrating the change in the thickness of the iron nitride layer in steel 40HM as a function of time in the second stage of the process (t2), for four times in the first stage (t1) and two values of the nitriding potential in the second stage of the process Np2 (Np2 = 0.5 atm -0.5 , Fig. 2a , Np2 = 1.5 atm -0.5 , Fig. 2b ). The figure also shows the microstructure of steel 40HM after the verification process ( Fig. 2c,  d ). In the first stage of both processes, the nitriding potential had a value within the phase stability area ε (Np = 12 atm -0.5 ) (at temperature of 520°C Np γʹ/ε = 1.75 atm -0.5 ) in the second stage, it assumed a value within the phase stability area γʹ (Np = 0.5 atm -0.5 and 1.5 atm -0.5 ) (at temperature of 520°C Np α/γʹ = 0.25 atm -0.5 ). As illustrated in the figure, there is a good correlation between the analytical and neural model and experimental results (Fig. 2b, c) . Comparing Figure 2a and Figure 2b , we can see that the duration of the first stage of the process and the value of the potential in the second degree determine the thickness of the iron nitride layer obtained after the nitriding process. The value of the potential in the second stage also determines the intensity of limiting the thickness of the iron nitride layer as a function of time.
RESULTS OF NEURAL NETWORK LEARNING PROCESS
Reducing the value of nitriding potential from the value within the phase stability area ε to a value within the phase stability are γʹ according to the Lehrer system is accompanied by a change of the phase composition and limiting the growth kinetics of the thickness Table 1 Table 3 . Results of the neural network learning process (assuming 1000 repetitions in the learning process) for a variety of steels and their input data with changes of the quantity of neurons in the hidden layer from 3 to 6 520°C: t1 = 2 h,  t2 = 40 h, Np1 = 12,5 atm -0,5 , Np2 = 0,5 atm -0,5 (c), t1 = 4 h, t2 = 20 h,  Np1 = 12,5 atm -0,5 , Np2 = 1,5 atm -0,5 (d) of the subsurface iron nitride layer [19] . During the nitriding process, along with the increase of the iron nitride layer, the solution layer is formed for which the source of nitrogen is the iron nitride layer. Where the nitriding potential assumes values from within the phase stability area ε, the stream of nitrogen from the atmosphere is greater than the stream of nitrogen from the iron nitride layer to the surface, therefore the thickness of the iron nitride layer increases along with the duration of the process. Reduction of the nitriding potential below the γʹ/ε boundary causes a gradual, controlled diffusion, change of the phase composition of the iron nitride layer from an almost monophasic composition, containing up to 90% of phase ε, to a monophasic layer γʹ. This is a consequence of the decreasing stream of nitrogen from the atmosphere. Initially, the stream from the atmosphere is the same as the stream into the surface and the thickness of the iron nitride layer does not change. Over time, the stream of nitrogen from the atmosphere becomes smaller than the stream of nitrogen into the surface, as manifested by the decreasing thickness of the iron nitride layer (Fig. 2) or only restriction of the growth of its thickness (Fig. 2b, t1 = 1 h) . Figure 3 shows the graphs of changes of the iron nitride layer thickness (g mp ) on steel 32CDV13 as a function of time of the first stage (t1) and the second stage (t2), for three values of the nitriding potentials in the second stage of the process (Np2), obtained from neural models for neural network with six neurons in the input layer, six in the hidden layer and one output neuron (6/6/1). As in the case of steel 40HM, there is good correlation between the neural model and the experimental results (Fig. 3b, c) . In steel 32CDV13, smaller thicknesses of the iron nitride layer were obtained compared to steel 40HM, due to the higher content of nitrogen-forming elements in steel 32CDV13 than in steel 40HM. Figure 4 shows the results of Charpy impact tests for steel 40HM and toughened (UC) steel 32CDV13, as well as toughened and nitrided in processes Nx1019 and Nx1044. As a result of nitriding, the impact strength of both steels decreased by around 30%. Nitrided steel 32CVD13 has a slightly higher toughness than nitrided steel 40HM. Reduction in impact strength is due to the fact of the presence of a subsurface iron nitride layer in the steels tested.The thickness of the iron nitride layer does not have a significant effect on the impact strength of the nitrided steel. Figure 5 shows graphs of the linear wear of steel 40HM (Fig. 5a ) and 32CDV13 (Fig. 5b) as a function of the friction path. Linear wear decreases for both nitrided steels. Steels with thicker iron nitride layers showed less linear wear. Linear wear of nitrided steel 40HM did not exceed the thickness of the iron nitride layer (Fig. 5 ). Linear wear of steel 32CDV13 with a 5.5 µm thick iron nitride layer also did not exceed its thickness and amounted to 3.3 µm. Linear wear of steel 32CDV13 with an iron nitride layer having a thickness of 2.5 µm was greater than its thickness, amounting to 4.2 µm (Fig. 5b) . 
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. Parameters of the basic two-stage processes -input data for the construction of analytical and neural models Tabela 1. Parametry bazowych procesów dwustopniowych -dane wejściowe do budowy modeli analitycznych i neuronowych
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Tabela 3. Wyniki procesu uczenia sieci neuronowych (przy założeniu 1000 powtórzeń w procesie uczenia) dla różnych stali i ich danych wejściowych oraz przy zmiennej liczbie neuronów w warstwie ukrytej 3÷6
Rys. 2. Przebiegi nauczonej sieci neuronowej obrazujące zmianę grubości warstwy azotków żelaza na stali 40HM w funkcji czasu drugiego stopnia procesu (t2), dla czterech czasów pierwszego stopnia (t1) oraz wyniki uzyskane w modelu analitycznym (a, b). Mikrostruktura stali 40HM po procesie azotowania w temperaturze
RESULT OF IMPACT STRENGTH TEST
RESULTS OF TRIBOLOGICAL TESTS
Rys. 3. Zmiany grubości warstwy azotków żelaza (g mp ) w funkcji czasu pierwszego (t 1 ) i drugiego (t 2 ) stopnia procesu, dla trzech wartości potencjałów azotowych Np 2 w drugim stopniu procesu, dla sieci neuronowej z sześcioma neuronami w warstwie wejściowej i sześcioma w warstwie ukrytej oraz jednym neuronem wyjściowym (6/6/1) dla stali 32CDV13 (a); punktami wskazano wartości g mp uzyskane w procesie azotowania dla dwóch czasów i dwóch wartości potencjałów azotowych; mikrostruktura stali 32CDV13 po procesach azotowania wg parametrów: t 1 = 4 h, t 2 = 20 h, Np
CONCLUSIONS
Based on the results of the tests conducted and their discussion, it might be concluded: 1. The neural networks method with its approximating properties allowed building models well fitted to the data obtained using conventional analytical models. 2. Structures designed and solved with neural networks method can be used in systems estimating the results of the nitriding process, just as in the case of analytical models. 3. The duration of the first stage of the process and the value of the potential in the second stage determine the thickness of the iron nitride layer obtained after the nitriding process. 4. The value of the potential in the second stage also determines the limitation of iron nitride layer formation intensity during second stage of the process. 5. Nitriding decreases the impact strength of steel regardless to the thickness of the subsurface iron nitride layer. 6. The iron nitride layer on the steel increases its resistance to frictional wear which also increases with the thickness of this layer.
